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Women have made remarkable progress in educational attainment over the past decades.
In most OECD countries, they are now more likely to be enrolled in universities and also outperform men, conditional on enrollment (Goldin, Katz and Kuziemko, 2006; Conger and Long, 2010) . Despite this notable catch-up, women are still underrepresented in high-paying managerial and technical occupations. This type of gender segregation can already be seen during university studies, where we observe significant gender differences in major choice.
Women are less likely to specialize in math-intensive fields, which are associated with high earnings in the labor market (OECD, 2016) . Since specialization choices in university education are an important determinant of labor market outcomes, it is crucial to understand why women and men choose different majors.
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In this paper, we investigate how the peer gender composition at the university level affects women's and men's major choice and occupational sorting. We use data from Maastricht University's School of Business and Economics (SBE) located in the Netherlands. Three features make our empirical setup ideal for studying peer effects in major and occupational choices. First, students are randomly assigned to teaching sections within each course. These sections consists of up to 16 students and are the social peer group we focus on in this paper.
Second, all students in a program take the same set of compulsory courses at the beginning of their studies. These two institutional features allows us to directly test how the initial peer group composition affects students' subsequent educational choices without worrying about the endogenous selection into peer groups or courses. Third, the availability of data from a comprehensive graduate survey allows us to test how university peers affect student's labor market outcomes.
Our short run results show that the peers at the start of students' university education affect gender-based sorting into majors. Women exposed to a higher proportion of female peers become less likely to major in math-intensive, male-dominated majors, like Finance and IT Management, and become more likely to major in female-dominated majors like Marketing and
Organization. These effects are economically significant. Having 10 percentage points more female peers in a given section, reduces women's probability of choosing a male-dominated major by 1.1 percentage points-a 13 percent decrease from the baseline. Men, on the contrary, choose more male-dominated majors when exposed to more female peers.
Our longer run results show that peers have persistent effects beyond university graduation. Strikingly, women who had more female peers end up in jobs where they earn less and work fewer hours. These women, however, report higher job satisfaction and are more likely to indicate that their work has a positive social impact. Men's labor market outcomes, on the contrary, are not significantly affected by peer gender. Taken together, our results suggest that exposure to more female peers exacerbates occupational segregation by gender among university graduates.
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Our analysis of the underlying mechanisms supports the idea that different learning experiences in mathematical and non-mathematical courses drive differences in major choice.
In non-mathematical courses, having more female peers increases women's grades and makes them evaluate the course quality and the group interaction more positively. In mathematical 2 Existing gender differences for the labor market outcomes we study are documented by e.g. Wiswall and Zafar (2017) and Lordan and Pischke (2016) . Using hypothetical choice experiments, Wiswall and Zafar (2017) show that women have a higher willingness-to-pay for jobs with greater work flexibility and job stability, and men have a higher willingness-to-pay for jobs with higher earnings growth. Lordan and Pischke (2016) show that women in occupations with a higher share of women report higher job satisfaction, and they argue that women, in contrast to men, may care more about job content, which may prevent them from entering some male-dominated professions. Neither of these two important studies, however, offers an explanation of where these gender differences in preferences may originate from.
courses, however, women do not benefit from more female peers. These differential learning experiences may influence women's belief about their ability to succeed in a given subject and thus make them less likely to choose more mathematical, male-dominated majors. Men, on the contrary, receive relatively higher grades when they have more female peers in mathematical courses, which may explain why they become more likely to choose more mathematical, maledominated majors.
This paper makes three main contributions to the existing literature. First, we are the first to estimate the effect of peer gender on major choice using random assignment to peer groups. 3 Second, this study provides evidence on the longer run labor market consequences of university peers. Since we can link administrative university data to individual level labor market outcomes, we can test whether peer effects persist beyond university or fade out by the time students graduate. Third, this paper contributes to a better understanding of how the social environment can shape gender differences in educational choices and labor market outcomes.
More broadly, our findings offer a new perspective on the persistence of occupational segregation by gender. The continuous increase in female university enrollment over the last decades has mechanically increased the proportion of female peers at university. This changing peer environment and its effect on students' specialization may, in part, explain why occupational segregation by gender persists, despite the grand gender convergence we have witnessed over the last century (Goldin, 2014) .
The question of how the gender composition of peers affects students' educational choices has been almost entirely neglected by both the peer effects literature and research devoted to explaining gender differences in education and the labor market. A few studies have looked at how gradual changes in the peer gender composition affect educational choices. All these studies exploit year-to-year cohort variation in peer gender and their findings differ depending on the educational environment studied. At the primary school level, Schneeweis and Zweimueller (2012) find that girls with more female peers are less likely to choose femaledominated school types. At the high school level, Brenøe (2017) shows that female students with a larger proportion of female peers are less likely to complete a university STEM degree and instead are more likely to obtain a degree in health or education. Anelli and Peri (2016) present evidence that male high school students become more likely to choose male-dominated college majors when exposed to classes with over 80 percent male peers. Hill (2017) presents evidence on the impact of university peers that is largely consistent with our findings. He provides suggestive evidence that women exposed to a higher share of female peers are less likely to major in a STEM field. Taken together, the existing literature suggests that gender peer effects on major choice differ in their nature between primary, secondary, and tertiary education.
Another related paper looks at the effect of single sex classes on performance and educational choice. Booth, Cardona-Sosa and Nolen (2013) show that women perform better when randomly assigned to a single sex class in an introductory economics course at the university. Furthermore, they find no statistically significant effect of single sex classes on subsequent choices of technical courses, which may be due to the relatively small sample size of 400 observations and the resulting lack of statistical power. Interestingly, the direction of the estimated effect is consistent with our findings and suggests that attending single sex classes makes women less likely to choose technical courses.
A couple of other studies have looked at the effect of peer gender on student performance. 4 At the primary and secondary education level, Hoxby (2000) finds that both boys and girls benefit from having more female peers. Lavy and Schlosser (2011) confirm this finding and present important evidence on the underlying channels. They show that a higher proportion of girls in a class causes fewer classroom disruptions, less violent behavior, and improved inter-student as well as student-teacher relationships. At the university level, De Giorgi, Pellizzari and Woolston (2012) exploit the random assignment of students to classes and present evidence for gender peer effects on achievement, which suggest that the optimal peer group is gender balanced. In a context similar to ours, Oosterbeek and Ewijk (2014) conduct a field experiment at a Dutch university and find no evidence for gender peer effects on student performance, but present suggestive evidence that women's perceptions of the classroom atmosphere were altered.
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I. Institutional Environment and Summary Statistics
A. Institutional Environment
4 There exists another strand of literature that looks at the effect of single sex schooling and single sex classes on performance (see Lee et al. (2014) and studies cited within). 5 A few recent papers have looked at the impact of family composition on major choices. Anelli and Peri (2015) study the influence of sibling gender and find that mixed-gender siblings are more likely to choose gender stereotypical specializations in college. Oguzoglu ans Ozbeklikfor (2016) find that daughters with a father in a STEM field are less likely to choose a STEM major when they have a male sibling. A related literature documents peer effects on a large variety of outcomes other than major choices (for reviews see: Sacerdote, 2011, and Epple and Romano, 2011) .
Maastricht University's School of Business and Economics (SBE) is located in the south of the Netherlands and has about 4,300 students enrolled in bachelor's, master's, and PhD programs. 6 We focus our analysis on the bachelor's study programs of International Business and International Business Economics, where students can choose between different majors. These two programs account for 86% of all bachelor's students. Figure 1 provides an overview of program structure of these two study programs. Depending on the program, students take either eight or 16 program-specific compulsory courses at the beginning of their studies. After the compulsory course phase, students can choose elective courses and a major, which consists of four major specific compulsory courses. Students are free to choose any major.
[ Figure 1 here] Each course consists of multiple sections of up to 16 students, which are the peer group we focus on in this paper. Students typically meet with their section peers for two weekly twohour tutorial sessions. In these tutorials, students solve problems and discuss the course material. These discussions typically follow the Problem Based Learning (PBL) approach, which consists of students generating questions about a topic at the end a session, trying to answer these questions in self-study, and then discussing their findings with their peers in the next session. 7 Attendance in tutorials is mandatory, and switching between sections is not allowed. Besides tutorials, a typical course has weekly or fortnightly two-hour lectures which are followed by all students in the course.
Students are randomly assigned to sections, and thus to section peers. The section assignment is done with a scheduling software by memebers of the Scheduling Department at the SBE. From the academic year 2010/11, the SBE additionally stratifies section assignment by student nationality to encourage a mixing of Dutch students (38 percent of estimation sample) and German students (50 percent). 8 After the initial assignment, schedulers manually 6 For more detailed information on the institutional environment see and Feld, Salamanca and Hamermesh (2016) . 7 See http://www.umpblprep.nl/ for a more detailed explanation of PBL at Maastricht University. 8 The stratification is implemented as follows: the scheduler first selects all German students (who are not ordered by any observable characteristic) and then uses the option "Allocate Students set SPREAD," which assigns an equal number of German students to all sections. Then the scheduler repeats this process with the Dutch students and, lastly, distributes the students of all other nationalities to the remaining spots. Until the academic year 2012/13, about ten percent of the slots in each section were initially left empty and were filled with students who register late. This procedure balances the number of late registration students over the sections. Since 2013/14, the SBE has not admitted students to courses after the registration deadline.
switch students between sections to resolve any scheduling conflicts, which occur for about 5 percent of students. 9 In our analysis we consider potential non-random assignment due to scheduling conflicts by including fixed effects for the other course the students take at the same time. Schedulers do not consider the student composition when assigning instructors to sections, which makes the peer composition unrelated to instructor characteristics. We have excluded the few cases in which course coordinators or other staff influenced the section assignment (see Appendix A1 for more detailed description of the sample restrictions). For our estimation sample, neither teachers, students, nor course coordinators influence the section assignment.
B. Descriptive Statistics and Randomization Check
In this paper, we use data for six academic years between 2009/2010 and 2014/2015, which allows us to follow three complete bachelor's student cohorts. In order to observe their compulsory course peers and their major choices, we restrict our estimation sample to students who we observe in their first and last year of their bachelor's program. 10 We therefore observe 28,299 course grades.
Our explanatory variable of interest is the proportion of female section peers in compulsory courses. Thirty-nine percent of students, and thus peers, are female. Importantly, the relatively small section size and the random assignment mechanism leads to a relatively wide range of support that we can exploit. Other studies that exploit natural variation in large groups of students typically need to rely on a much narrower range of support for their estimates. Figure 2 illustrates how much variation in the proportion of women per section we observe, and that this variation is not substantially reduced by the inclusion of course fixed effects.
[ Figure 2 here] 9 Compulsory courses are generally scheduled on different days to prevent scheduling conflicts. There are four reasons for students' scheduling conflicts: (1) the student is scheduled to take an elective course at the same time; (2) The student is also working as a student instructor and needs to be in class at the same time; (3) The student takes a language course at the same time. (4) Or the student indicated non-availability for evening education. By default, all students are recorded as available for evening sessions. Students can opt out of this by indicating this in an online form. Evening sessions are scheduled from 6 p.m. to 8 p.m., and about three percent of all sessions are scheduled for this time slot. We have excluded evening sessions from our estimation sample. 10 Dropping out of a course means that a student was registered for a course but did not receive a final course grade.
Using data from the same environment, we have shown that section assignment has the properties that one would expect under random assignment . To confirm this result with respect to the peer gender composition, we test how the proportion of female peers relates to student gender and student grade point average (GPA). This randomization check closely follows Guryan, Kroft and Notowidigdo (2009) and controls for the course level leave-out mean of the respective characteristic to account for the mechanical relationship between own-and peer-level variables. Table 2 shows that the proportion of female section peers is not systematically related to students' own gender or GPA for the sample of first and second year compulsory courses, which confirms that the section assignment is random.
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[ Table 2 here] Table 3 provides an overview of the eight different majors that students can choose from, ordered by the proportion of women per major, which ranges from 22 percent (Finance) to 60 percent (Marketing). Interestingly, differences in major choices by gender mimic the occupational seggreation observed in the labor market in two important dimensions. First, in line with women's underrepresentation in STEM occupations, majors that are more popular among women have a lower proportion of mathematical compulsory courses (Column 3).
C. Gender Differences in Major Choice
Second, majors more popular with women are associated with lower earnings for both women and men (Columns 7 and 8). Furthermore, the proportion of women is negatively correlated with average first year GPA of women ( = −0.55 ) and men ( = −0.49) at the major level.
This shows that despite the fact that women have higher average GPAs, majors with more women attract, on average, academically weaker students.
For our empircal analysis, we classify majors as female-dominated and male-dominated if the proportion women deviates by more than 10 percentage points from the share of women 11 See Table A1 and Figure A1 in the appendix for an alternative and more flexible randomization check. In this randomization check, we regress pre-treatment student characteristics on section dummies and scheduling controls for each course separately. We then perform F-tests for joint significance of the section dummies and show that the p-values of these F-tests for all courses in our sample have the properties that we would expect under random assignment: they are uniformly distributed with a mean close to 0.5 in our estimation sample. Specifically, we classify Finance and IT Management as maledominated, and Organization and Marketing as female-dominated.
[ Table 3 here]
III. Empirical Strategy
Our goal is to estimate the effect of peer gender in first and second year compulsory courses on students' subsequent major choices and labor market outcomes. Equation (1) shows our main empirical model:
where + is the outcome of interest (major choice, course choice or labor market outcome such as earnings) of student i at time t+>t, that is after having taken the compulsory course.
× is the proportion of female peers in section s of compulsory course c at time t interacted with a female dummy variable, and × is the proportion of female peers interacted with a male dummy variable. The parameters of interest are 1 and 2 , which show the causal effect of increasing the proportion of female peers on the outcome of interest for women and men respectively.
12 is a vector of control variables that includes course-year fixed effects and parallel course fixed effects, which are fixed effects for the other course the students take in the same period. We include parallel course fixed effects to account for potential nonrandom assignment due to scheduling conflicts throughout. To increase the precision of our estimates, also includes indicators for the students' gender, nationality, and their GPA at the start of the course. is the error term. We cluster standard errors at the course level.
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Additionally, we want to estimate how the peer composition affects the diversity of major choice of students within a section. To measure diversity in major choice, we use the Blau diversity index (Blau, 1977) , 14 which can be written as follows:
where represents the proportion of students in section s that choose major , and is the total number of different majors chosen in that section. is equal to 0 if all students in a given section choose the same major, then increases as heterogeneity in major choice grows, and is largest and closest to one when all majors attract an equal share of students. Intuitively, can be interpreted as the probability that two students drawn at random (with replacement) from the same section choose the same major. We construct the Blau diversity index at the section level for all students and separately for all women and men in a section.
To estimate the effect of peer composition on diversity of major choice, we estimate the following model:
where is the Blau index for diversity of major choice in section s, ̅ is the proportion of women in section s, ̃ is a vector of course-year fixed effects and is the error term. The parameter of interest is 1 , which shows the causal effect of increasing the share of women in a section on the diversity of major choice of students in that section. More broadly, we believe that the Blau index serves as a flexible tool to test for spillovers in choices since it does not require ranking or classifying choice alternatives. To this point, we have not seen the Blau index applied to identify peer effects elsewhere in the existing literature. Table 4 shows the estimates of the effect of the proportion of women in a section on the diversity of major choices for all students (Column 1), women (Column 2) and men (Column 3). We find a negative and statistically significant relationship between the proportion of women in a section and the overall Blau index, indicating that major choices become more homogeneous when more women are in the same section. This effect is entirely driven by an increased homogeneity in women's major choice. A 10 percentage point increase in the proportion of women raises the probability that two randomly chosen women in the same section have chosen the same major by 1.12 percentage points. The diversity of men's major choices is not significantly affected.
IV. Results
A. Peer Effects on Major Choice
[ Table 4 here]
This increase in homogeneity is consistent with women coordinating their major choice.
Relatedly, this behavior is also consistent with models of information cascades and herding (e.g. Bikhchandani, Hirshleifer and Welch, 1992) , where individuals use the actions of others to infer about the payoff of an alternative. By inference, women may find majors more attractive if more other women plan to take them. Next, we turn to the question of which majors become more and less popular as the proportion of female peers increases. Table 5 shows estimates of how the peer composition affects students' choice of maledominated and female-dominated majors. Women who are randomly assigned to sections with more female peers become more likely to choose female-dominated majors and less likely to choose male-dominated majors (Columns 1 and 2). To get an appreciation of the magnitude of the effect, imagine we would replace three women with men in a section of 16 students (15 peers). Our point estimates suggest that such a 20 percentage point increase in female peers would reduce the probability of women choosing to major in Finance or IT Management by 2 percentage points (22 percent) and increase their probability of majoring in Marketing or
Organization by 2 percentage points (4 percent). These effects are economically significant.
Men respond in the opposite way, becoming less likely to choose a female-dominated major and more likely to choose in a gender-balanced major when exposed to more female peers. We also estimate a model where we use the proportion of women in the chosen major as the dependent variable. Column (3) shows that results in this specification are qualitatively similar.
In addition to looking at student major choices, we can also test whether the choice of students' elective courses is affected. 15 Table 5 shows estimates of the impact of peer gender on the choice of any mathematical course (Column 4) and on the proportion of mathematical courses chosen (Column 5). On both of these margins, we observe that women become less likely to choose mathematical courses if they are randomly assigned to more female peers. Our point estimates suggest that increasing the proportion of female peers in a first year course by 10 percentage points decreases the probability of choosing a mathematical course by about 1.8 percentage points (3 percent). Men, on the contrary become more likely to choose a mathematical course when assigned to more female peers.
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[ Table 5 here]
Taken together, our results show that an increase in the proportion of female peers leads to more homogeneity in women's major choice and to an increase in gender segregation in major choices. Being exposed to more female peers causes women to choose majors more popular with women. Men, on the contrary, do not seem to make more or less homogeneous choices depending on the gender composition; instead they become more likely to choose maledominated majors when exposed to a higher proportion of female peers. This suggests that having more female peers changes men's preferences for male-dominated majors, independent of the major choices of their section peers.
Our results are largely consistent with findings from Hill (2017) and Brenøe (2017) , who both study peer effects on field of study and major choice in higher education. Hill (2017) finds suggestive evidence that women in US colleges are less likely to graduate in STEM majors when they are in a cohort with more female peers. Brenøe (2017) uses Danish registry data to
show that a larger proportion of female high school peers decreases women's probability of completing a university STEM degree and increases their probability of completing a degree in health or education.
Interestingly, our results are different from Schneeweis and Zweimueller (2012) and Anelli and Peri (2016) . Schneeweis and Zweimueller (2012) find that girls are less likely to choose female-dominated school types when exposed to more female peers in Austrian primary school. Anelli and Peri (2016) show that boys who attended Italian high schools with more than 80 percent male peers become more likely to select male-dominated majors. Differences across studies might be a result of the different learning environments and thus different channels through which peer effects operate. In primary and middle schools, for example, classroom disruption has been identified as an important driver of gender peer effects (Figlio, 2007; Lavy and Schlosser, 2011) . In the higher education context, such a channel is likely to matter much less, while other aspects of student interaction, such as classroom discussions and interactions 16 In addition to the linear-in-shares models shown in Table 5 , we have also estimated non-linear peer effects by using 5 bins for the proportion of female peers. In this exercise we find fairly linear effects. Figure A2 in the appendix reveals little concavity and suggests that peer effects are fairly linear over the range of support that we have in the data.
outside the classroom, become more important. We will return to the importance of different underlying mechanisms in section D. We next turn to the question of whether peers affect students' labor market outcomes.
C. Peer Effects on Labor Market Outcomes
To test whether peer gender affects labor market outcomes, we use data from the 2016 SBE graduate survey that we sent to students who graduated between September 2010 and September 2015. 17 The survey includes a number of questions which allow us to get a detailed picture of graduates' occupational situation.
18 Table 6 and 7 show the estimated effect of peer gender on students earnings and working hours (Table 6 ) and other job characteristics (Table 7) . In both tables, the coefficients show that men's labor market outcomes are hardly affected by the gender of their university peers.
Women, on the other hand, are much more affected by their university peers. These stark gender differences in effects are somewhat surprising, altough not unheard of as other studies find effects limited to one gender (see: Schneeweis and Zweimueller, 2012; Anelli and Peri, 2016 ).
Since we find little evidence that peer gender affects men's labor market outcomes, we focus on the effects on women in the remainder of this section. Table 6 shows results from regressions of peer gender on students' labor market outcomes. Exposure to more female peers has no significant impact on initial earnings in the first job after graduation (Column 1). However, women who had more female peers earn significantly less 1-5 years after graduation (Column 2). This effect is economically significant.
A 10 percentage point increase in the proportion of female peers lowers earnings by 4.8 percent.
We further find that women who had more female peers work fewer hours per week (Column 3), are more likely to work in part time (Column 4) and are less likley to work over 60 hours per week (Column 5). The effects on working hours are again economically significant. A 10 17 We designed and conducted the survey in cooperation with the SBE Alumni Office, which provided us with contact details for 75 percent of bachelor's students in our estimation sample. We first contacted the graduates via email and provided them with a link to the online survey. We then hired a team of current SBE students who called the graduates who did not respond to the online survey to conduct the survey over the phone. Out of the contacted graduates, 38 percent responded to either the email or phone survey, which means that we have labor market outcome information for 1,618 students, about 30 percent of our estimation sample. We tested whether the gender composition of peers affects the probability that they participate in our labor market survey. Table A2 shows that respondents differ from non-respondents in a number of observable characteristics. Respondents have higher GPAs, are marginally older and somewhat less likely to be Dutch and more likely to be German. We do not find that students' major choice is related to their response probability. More importantly, Table A3 shows that questionnaire response is unrelated to our treatment variable of interest. The proportion of female peers that students experienced is unrelated to the probability of responding to the survey. 18 Table A4 in the Appendix provides summary statistics for the labor market variables. Table A5 in the Appendix shows the original survey questions, the survey answer options and the definition of our dependent variables.
percentage point increase in the proportion of female peers lowers weekly working hours by 20 minutes. These differences in working hours, however, do not account for all the earnings differences. The effect on hourly wages is smaller, but it remains statistically and econonically significant (Column 6). A 10 percentage point increase in the proportion of female peers lowers hourly earnings by 3.7 percent.
[ Table 6 here] Table 7 shows estimates of how the peer gender compositon affects job satisfaction, the subjective social impact of the job and other job charcteristics. Women exposed to more female peers report significantly higher job satisfaction (Column 1) and a more positive subjective social impact (Column 2). Columns (3) -(6) present further suggestive evidence that women sort into different types of jobs. Women who are randomly assigend to more female peers become less likely to work in male-dominated work environments and less likley to work in jobs that require Finance or IT skills. 19 These findings mirror the peer effects on major choice that we found in the previous section.
Overall, our findings suggest that the marginal women sort into different jobs when they are exposed to more female peers. While these jobs are characterized by lower wage growth, they also differ in other dimensions that compensate for the lower earnings. The affected women work less, are more satisfied with their job and believe that their job has a more positive social impact. The overall welfare effect of having more female peers is thus not obvious.
Using hypothetical choice experiments, Wiswall and Zafar (2017) show that women have a higher willingness to give up earnings in favor of jobs where they enjoy greater work flexibility and job stability. In a sample of MBA graduates, Bertrand, Goldin and Katz (2010) show that although men and women have very similar earnings a the start of their careers, part of the later divergence can be attributed to differences in working hours. 20 Our results may thus imply that having more female peers may have increased gender differences in preferences for workplace attributes. 19 We define a job as male dominated if the survey respondent indicated that more than 75 percent of their coworkers are male, and female dominated if less than 25 percent of their coworkers are male. For a more detailed description of measures, see the note below Table 7 and Table A5 . 20 Bertrand et al. (2010) study how career dynamics differ by gender. Although male and female MBAs have nearly identical income at the start of their careers, their earnings soon diverge. Men's annual earnings advantage reaches almost 60 log points at ten to 16 years after MBA completion. The authors identify three main reasons for the large and rising gender gap in earnings: differences in training prior to MBA graduation, differences in career interruptions, and differences in weekly working hours.
[ Table 7 here]
D. Mechanisms: Peer Effects in Mathematical and Non-Mathematical Courses
How do peers affect students' major choice? We focus our discussion here on mechanisms that we can test empirically by looking at how peer gender affects students in compulsory courses.
In particular, we test whether peers affect students' grades, study effort, overall course evaluation, and evaluation of group functioning. While interesting in its own right, it is, however, not obvious how any change in these measures would translate into different major choices. We therefore specifically test whether peers affect students differently in mathematical and non-mathematical course. The motivation for this approach is as follows: Mathematical and non-mathematical courses prepare students for different majors. Performing better in mathematical courses compared to non-mathematical courses, for example, may make students more likely to choose a more mathematical, male-dominated, major compared to a less mathematical, female-dominated, major. Empirically, we implement this approach by adding interaction terms of our peer variables of interest with a dummy variable for mathematical courses to our main model.
Mechanism (1) -Student Performance
It has been repeatedly shown that having more female peers raises students' performance (see among others Hill, 2015; Hoxby, 2000; Lavy and Schlosser, 2011; Whitmore, 2005) . Columns
(1) and (2) of Table 8 show how peer gender affects students grades in compulsory courses and how this effect differs between mathematical and non-mathematical courses. 21 Confirming previous studies, we find that, on average, women marginally benefit from having more female peers, while men's grades are hardly affected. These average effects, however, hide important heterogeneity. Women benefit significantly less from female peers in mathematical courses, while the opposite holds for men. Our point estimates suggest that an increase in female peers by 10 percentage points increases women's grades in non-mathematical courses by 1.2 percent of a standard deviation, while not affecting their grades in mathematical courses. For men, a 10 percentage point increase in female peers increases their grades by 1.3 percent of a standard deviation in mathematical courses, but it hardly affects their performance in non-mathematical courses.
These heterogeneous effects are consistent with achievement peer effects driving our results on major choice. Woman with more female peers receive higher grades in nonmathematical courses, which they may interpret as feedback that they are better prepared for less mathematical, female-dominated majors. The opposite holds for men, who may interpret their higher grades in mathematical courses as evidence that they are better prepared for more mathematical male-dominated majors. We return to the question of why we observe these asymmetries by course type in the mechanisms discussion section.
[ Table 8 here]
Mechanism (2) -Adjustment of Student Effort
It is also possible that students adjust their study effort in response to their peers. Such adjustment might lead us to over-or underestimate the direct spillovers in terms of student performance that we documented in the previous section. Having to study less in mathematical courses, for example, may be interpreted as additional feedback that one is better prepared for a male-dominated major.
To investigate this possible mechanism, we use data from the SBE course evaluation survey, which is sent to all students at the end of each term. 22 To measure student effort, we look at students' answer to the following question: "How many hours per week on the average (excluding contact hours) did you spend on self-study?"
Columns (3) and (4) of Table 8 shows how peer gender affects the number of students' self reported study hours overall, and how this effect differs between mathematical and nonmathematical courses. None of the estimated effects of female peers is significant, and the point estimates are small. For any of the point estimates of interest, the effect of a 10 percentage point increase in the proportion of female peers is equal to less than 1 percent of the mean of study hours. These results suggest that adjustment in study effort is not an important driver of the effects on major choice.
Mechanism (3) -Course Satisfaction and Group Functioning
It may also be that peer gender affects students' enjoyment of the course and the quality of group functioning. Lavy and Schlosser (2011) present evidence along these lines by showing 22 About 38 percent of students participate in these course evaluations. Columns (5) to (8) of Table 8 show estimates of how the gender compositon affects students evaluation of the overall course and the perceived group functioning for mathematical compared to non-mathematical courses. On average, women's and men's overall course evaluations are not significanlty affected by the gender composition of peers. The effect of an increase in female peers for women, however, is significantly different between mathematical and non-mathematical courses. Having 10 percentage points more female peers decreases women's evaluation of mathematical courses by 2.5 percent of a standard deviation and increases their evaluation of non-mathematical courses by 2.4 percent of a standard deviation.
These estimated effects closely resemble the estimates on group functioning. Having more female peers leads women to evaluate the group functioning more negatively in mathematical courses and more positively in non-mathematical courses. Men's evaluations of the course and group functioning are overall less affected by peer gender, with no significant differences between mathematical an non-mathematical courses.
Mechanism -Discussion
We find that peer gender affects students' grades differently in mathematical and nonmathematical courses. Women are more positively affected by an increase of female peers in non-mathematical courses. These findings suggest that women who were by chance exposed to more female peers have reasons to believe that they would perform better in less mathematical courses and majors. Men's grades are more positively affected by an increase of female peers in mathematical compared to non-mathematical courses, which is also consistent with their higher likelihood of choosing a male-dominated major.
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While this mechanism is consistent with our results, it is unclear what causes this heterogeneity by gender and course type in the first place. It may, for example, be that women benefit from more female peers in non-mathematical courses because these course are more discussion based. A higher share of female peers in these courses may thus lead to the engagement of more women in discussions, which may help their understanding of the course material. This may be less possible in mathematical courses, where more time is decdicated to solving problems on the whiteboard. Consistent with this interpreation, we find that women with more female peers also evaluate the group functioning and the course overall as more positive in non-mathematical courses. Men, on the contrary, may benefit from more female peers in mathematical courses because they spend more time solving exercises on the whiteboard if women are generally less willing to present their work in front of their peers.
There are, of course, other ways to explain our results. One prominent potential mechanism is a change in gender norms. It could be, for example, that peers affect what students consider to be the appropriate gender norms, or they affect their salience (Akerlof and Kranton, 2000; 2002) . A similar argument has been put forward to explain why girls are more likely to choose traditionally male subjects in single sex schools: with no boys around, girls feel less compelled to 'act like a girl' and become more open to study what they want to study (Thompson, 2003; Solnick, 1995) . It is, however, not clear how this mechanism would translate into a coeducational setting where the gender composition changes at a very different margin.
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The importance of gender norms may increase with the number of same gender peers. More female peers in the classroom may, for example, provide women with more role models from which to learn or immitate gender norms. This mechanism is consistent with our results that women choose more female typical majors when they have more female peers. The importance of gender norms, however, may also decrease with the number of same gender peers. More female peers in the classroom may, for example, make gender differences less salient and decrease the importance of gender norms. Contrary to our findings, this mechanism would 23 More broadly, we could explain these results from a human capital perspective. Let us consider that there are only two relevant skills: numerical skills and verbal skills. Exposure to more female peers raises women's verbal skills, which in turn reduces the relative costs of majoring in a subject requiring these skills. For men, on the contrary, exposure to more female peers raises numerical skills, which reduces their relative costs of majoring in numerical subjects. This 'comparative advantage' interpretation aligns both our findings of gender peer effects on performance and major choice. 24 The impact of adding the first male student to an all-female class is likely to be quite different than adding an additional male student to a coeducational class. Relatedly, Lee et al. (2014) show that gender peer effects on performance differ between coeducational classes, single sex classes and single sex schools.
predict that women with more female peers choose less female typical majors. While we believe that gender norms are important in our context, it is not clear how these change when the proportion of female peers changes.
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Finally, another potential mechanism is the formation of social networks. Exposure to different peers at the beginning of their studies might affect the social network and friendships that students make in university. 26 Our result that women's major choices become more homogeneous when more women are in the same section provides suggestive support for this mechanism (cf. Table 4 ). By inference, women may have stronger preferences for choosing the same major as their friends.
V. Conclusion
Gender differences in students' specialization choices in higher education are well documented and have often been attributed to differences in preferences. It has, however, remained a black box where these gender differences in major choice originate from.
In this paper, we investigate the role peers play in shaping students preferences for university majors. We show that the gender composition of peers affect students' major choice duringuniversity studies and occupational choices after graduation. An increase in the proportion of female peers fosters gender-based sorting into university majors. Women who experienced a high proportion of female peers at the start of their university education choose fewer mathematical elective courses and become less likely to choose male-dominated majors like Finance or IT Management. Men, on the contrary, choose more mathematical elective courses and become more likely to choose a male-dominated majors after exposure to more female peers. Our analysis of the underlying channels suggests that these peer effects in major choice can in part be attributed to differences in gender peer effects in mathematical and nonmathematical courses. Women who have more female peers fare relatively better in nonmathematical courses, while men benefit relatively more from female peers in mathematical courses. These experiences at the beginning of their studies may cause women and men to believe that they are better prepared for a major popular with their own gender. 25 A related mechanism that could explain our results has been put forward by Bursztyn, Fujiwara and Pallais (forthcoming). Bursztyn et al. propose that women may avoid career-enhancing actions because these signal traits, like ambition, are undesirable in the marriage market. In line with this reasoning, a higher proportion of female peers may increase competition for men and thus may make women less likely to choose a competitive male dominated major which signals 'undesirable' traits like ambitiousness. On the contrary, one could argue that increased competition for men may make women more likely to choose a male dominated major because such a major will lead to exposure to more potential mates. 26 See Jackson (2010) for an overview on the importance of social networks in education.
The gender composition of peers has significant and lasting effects on woman's labor market outcomes. Women who were randomly assigned to more female peers have lower hourly wages, work fewer hours and become less likely to work in a Finance or IT one to five years after graduation. Nevertheless, at the same time, they also report higher job satisfaction and believe that their job has a more positive social impact. The overall welfare impact of having more female peers is therefore not obvious.
Our results paradoxically suggest that the increase in female college enrollment over the past decades may have fostered the occupational segregation by gender of university graduates.
On a broader level, our labor market results raise questions about the complex welfare implications of policies intended to enhance gender equality in male-dominated fields. Women affected by these policies may end up in jobs where they earn more but are less satisfied with their work environment. NOTE.-The dependent variables in all Columns is the Blau diversity index, which is constructed based on the major choices in the given section. All Columns are estimated with ordinary least squares regressions that include course-times-year fixed effects. In this table we restrict the estimation to sections that contain at least two women and two men since we need at least two women (men) to calculate the Blau index for female (male) students. Robust standard errors clustered at the course level are in parentheses. * p<0.1, ** p<0.05, *** p<0.01. (1) and (2) are dummy variables which are equal to 1 if students choose a male-dominated major and female-dominated major, respectively. The dependent variable in Column (3) is the proportion of women in the chosen major. The dependent variable in Column (4) is a dummy variable which is equal to 1 if the student chose at least one mathematical course. The dependent variable in Column (5) is the fraction of chosen courses that are mathematical. In total, we observe the course choices for 3,295 students and the major choices for 3,083 students. All Columns are estimated with ordinary least squares regressions that include course-times-year fixed effects, parallel course fixed effects, female, Std. GPA, Dutch and German. Robust standard errors clustered at the course level are in parentheses. * p<0.1, ** p<0.05, *** p<0.01. (1) is equal to the first log of self-reported yearly gross earnings after graduation including bonuses and holiday allowances. The dependent variable in Column (2) is equal to the current log of self-reported yearly gross earnings including bonuses and holiday allowances. The dependent variables in Column (3) is individuals' self-reported weekly working hours including overtime. The dependent variable in Column (4) is equal to one if the respondent indicated to be working part time. The dependent variable in Column (6) is individuals current log hourly wage calculated based on information on earnings and working hours. All Columns are estimated with ordinary least squares regressions that include course-times-year fixed effects, parallel course fixed effects, female, Dutch and German. All Columns include a dummy for whether the survey data was collected by phone interviews (as opposed to email). Differences in the number of observations are due to individuals refusing to answer specific questions. Robust standard errors clustered at the course level are in parentheses. * p<0.1, ** p<0.05, *** p<0.01. (1) is individuals' self-reported job satisfaction on a 1-10 scale. The dependent variable in Column (2) is the individuals' self-assessed social impact of their job measured on a -5 to +5 scale that includes a zero to indicate neutral social impact. The dependent variable in Column (3) is a dummy variable which is equal to 1 if the former student works in a male-dominated environment with over 75 percent male co-workers. The dependent variable in Column (4) is a dummy indicator that equals 1 if the former student indicated that she is working in the Finance, banking or insurance sector. The dependent variable in Column (5) is a dummy variable which is equal to 1 if the graduate works in a female-dominated environment with over 75 percent female co-workers. The dependent variable in Column (6) is a dummy indicator that equals 1 if the graduate indicated that she is working in a marketing or advertising job. All Columns are estimated with ordinary least squares regressions that include course-times-year fixed effects, parallel course fixed effects, female, Dutch and German. All Columns include a dummy for whether the survey data was collected by phone interviews (as opposed to email). Differences in the number of observations are due to individuals refusing to answer specific questions. Robust standard errors clustered at the course level are in parentheses. * p<0.1, ** p<0.05, *** p<0.01. (1) and (2) is standardized course grade. The dependent variable in Columns (3) and (4) is self reported study hours. The dependent variable in Columns (5) and (6) is standardized overall course evaluation. The dependent variable in Columns (7) and (8) is standardized group functioning. "Group functioning" is measured using the standardized sum of standardized answers to the two questions: "My tutorial group has functioned well" and "Working in tutorial groups with my fellow-students helped me to better understand the subject matters of this course." Overall course quality is measured with the question: "Please give an overall grade for the quality of this course." Study hours are measured as: "How many hours per week on the average (excluding contact hours) did you spend on self-study? All Columns are estimated with ordinary least squares regressions that include course-times-year fixed effects, parallel course fixed effects, female, Std. GPA, Dutch and German. Robust standard errors clustered at the course level are in parentheses. * p<0.1, ** p<0.05, *** p<0.01. 
TABLES AND FIGURES
APPENDIX
A1 Data Restrictions
Our sample period consists of the academic years 2009/10 until 2014/15. We get to our estimation sample in two steps. First, we exclude a number of observations from our estimation sample because they represent exceptions from the standard section assignment procedure at the SBE. These exceptions are the same as documented in as in Feld, Salamanca and Zölitz (2017) , who use data from the same environment and sample period. Second, we further limit our estimation sample to International Business and International Business Economics bachelor's programs which started in the academic years 2009/10 until 2011/12 because we can follow these cohorts from their first until their last bachelor's year and we observe their major choices.
Below we list the observations we exclude due to exceptions to the scheduling procedure. Learning program) students. For some courses, MARBLE students are assigned together to separate sections with more experienced teacher.

We exclude 95 part-time MBA students since these students are typically scheduled for special evening classes with only part-time students.
We exclude 4,274 student-year observations for students who were repeating courses.
These students follow a different attendance criteria and are graded under different standards.
We exclude all observations of the first year and the first period students are observed.
For these observations, we have no measure of previous performance of the student at the SBE, an essential covariate in our analyses.
We exclude all observations from the first teaching period of 2009-the first period in our dataset-for the same reasons outlined above
We exclude 1,229 sections which take place after 6:30 p.m. since before Fall 2015 students had the option to opt out of evening education, which makes the student assignment to these sections potentially non-random. (2) and (3) show in how many regressions the F-test on joint significance of all included section dummies is statistically significant at the 5 percent and 1 percent level, respectively. Columns (5) and (6) show for what percentage of the regressions the Ftest rejected the null hypothesis at the respective levels. Differences in number of courses reported in Column (1) are due to missing observations for some of the dependent variables. For more detailed explanation of this randomization check see . (1) and (2) are dummy variables which are equal to 1 if students responded to the respective survey. All Columns are estimated with ordinary least squares regressions that include course-times-year fixed effects, parallel course fixed effects, female, Std. GPA, Dutch and German. Robust standard errors clustered at the course level are in parentheses. * p<0.1, ** p<0.05, *** p<0.01. 
